Introduction {#s1}
============

Despite progress, how to treat schizophrenia, an overwhelmingly and highly heterogeneous mental disorder, effectively is still to be learnt because of poor response to antipsychotics in as many as 30% of patients ([@B1]). From the perspective of stigmatization, genetic etiology of schizophrenia are more frequently linked to stigmatizing attitudes for psychosis, with a higher level of perceived stigmatization in medical students and medical doctors ([@B2]). Effective treatments appear to be critical, thereby lessening the impact of the disorder and decreasing the stigma. Holding synergistic effects in combination with antipsychotics, there is growing evidence to support that addition of electroconvulsive therapy (ECT) may be an effective alternative for chronic patients with refractory symptoms, exhibiting the safety and short-term efficacy ([@B3]--[@B5]). ECT is most commonly considered in patients with schizophrenia only after unsuccessful treatment with antipsychotic medication ([@B6]). Also, ECT may be of value in the treatment of acute schizophrenia when used in combination with antipsychotic medications ([@B7]).

Previous clinical studies also demonstrate that a small portion of these patients are resistant to substantial improvement with ECT of clozapine augmentation. Overall, 34% non-responder rate has been reported by a meta-analysis recently; 46% non-responder rate across clinical trials ([@B8]). Because ECT is liable to provoking cognitive impairment and multi-system adverse effects, much more invasive relative to pharmacotherapy, costly in relation to the procedure, and available for partial hospitals, the ECT health care professional should accurately identify non-responders before treatment. A pressing need of predictive markers exists in clinical management of ECT for schizophrenia, which is of high clinical relevance. A recent review has shown the predictors of response to ECT in schizophrenia, including symptoms, age, duration of illness, family history of schizophrenia, and baseline global functioning and cognitive functions ([@B9]), but no further attempts have been made to substantiate the predictors.

Neuroimaging techniques provide promising assessment tools to allow for individualized treatment in psychiatry. However, despite compelling evidence of a biological basis of schizophrenia, research into brain imaging features reflecting its pathophysiology mechanism to guide clinical practice is obviously lagged behind ([@B10]). Substantial efforts are still required to identify biomarkers informative in treatment response before reaping the reward of clinical benefit in schizophrenia patients. Decades-long research on structural and functional imaging has accumulated burgeoning evidence for disrupted brain network involving the pathophysiology of schizophrenia. In a previous review by Dazzan et al. ([@B11]), structural magnetic resonance imaging (MRI) could be helpful in stratifying patients with schizophrenia into clinically meaningful clusters. Afterward, despite negative results ([@B12]), proliferated evidence has provided more support for structural features of responsiveness to antipsychotic drug treatment (see Cui et al. for review) ([@B13]).

Promisingly, according to several recent findings, neuroimaging could be helpful identifying the predictive biological markers of depression. Most neuroimaging studies of ECT demonstrate treatment-related increase of hippocampal volume ([@B14]) and disturbed white matter integrity ([@B15]). In major depressive disorder, Oltedal et al. detected 0.28% hippocampal enlargement per ECT session, and the variety of volume change by electrode placement (i.e., bilateral, right unilateral) in the left hippocampus; Repple et al. found an increased mean diffusivity following ECT in the right hemisphere, and a correlation between seizure duration and decreased fractional anisotropy, suggesting an effect of ECT on the permeability of the blood-brain barrier. A recent structural MRI at baseline has been proven to be successful for predicting responsiveness to ECT in patients with major depressive disorder ([@B16]). As for functional MRI, in severe and treatment-resistant depressive patients, a multivariate pattern analysis study suggests that resting-state networks could play an important role in predicting remission from depression following a course of ECT ([@B17]). A review by Sanghani et al. summarizes neuroimaging predictors of response to ECT augmentation of antipsychotic medications in schizophrenia, involving structural and functional MRI ([@B4]). Also, radiomics approach could play an important role in precision medicine (<https://allofus.nih.gov/>). In the context of radiomics, it is a method to obtain more high dimensional features that might be options used for machine learning analysis, because medical images are digitally encrypted and hold a number of information involved in pathophysiology ([@B18]). It extracts high-throughput information and detects core features for supporting clinical decision making. Radiomics analysis has shown evident capacities for classification and prediction in schizophrenia. Notably, a valid approach by means of MRI to diagnose schizophrenia has been developed using radiomics strategy with an accuracy of 87%, as demonstrated by Cui et al. ([@B19]). Taken together, neuroimaging-based brain signatures hold great promise that contributes to supporting decision making to select the proper treatment in psychosis. The structural underpinnings are crucial for underling the pathophysiology of schizophrenia ([@B20]--[@B23]). It is already plausible that cerebral structure-based neurologic signature could be a potential biomarker associated with treatment response for patients with schizophrenia.

Therefore, in the current study, we aimed to examine whether brain structure-based signature in the prediction of ECT response in a sample of schizophrenia patients using radiomics approach, making a step to improve individualized treatment of schizophrenia using specific, quantitative, and objective biomarker for clinical management. Both logistic regression model and support vector machine (LRM/SVM) analyses were used to explore the predictive performance. In line with Tandon et al. ([@B24]), our goal is also "a deeper understanding of the pathophysiology of schizophrenia leading to improved treatment". We hypothesized patients with a distinct structural feature of the brain would reveal different response to ECT.

Material and Methods {#s2}
====================

Participants {#s2_1}
------------

This study was approved by the local institutional ethics committee. Written informed consent was obtained from all the participants (or their parents for those under age of 18 years) after complete description of the study. A total of 57 patients who would be assigned to take ECT were recruited from the Xi\'an Mental Health Center ([@B25]). According to clinical practice guidelines and expert consensus, indications for use of ECT include patients with treatment-resistant schizophrenia or with schizophrenia who have suicidal behavior/suicide attempts/acute episode (see the [**Supplementary Material**](#SM1){ref-type="supplementary-material"}). Treatment resistance is defined as little or no symptomatic response to multiple (at least two) antipsychotic trials of an adequate duration (at least 6 weeks) and dose (therapeutic range) \[American Psychiatric Association (APA) practice guidelines\] ([@B26]). The consensus diagnoses were made by two experienced clinical psychiatrists on the basis of Structured Clinical Interview for Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition, Text Revision (DSM-IV-TR) using all the available information. All patients underwent MRI scanning at baseline. Our study had no influence on the therapy and clinical assessment determined by their clinicians. Positive And Negative Syndrome Scale (PANSS) that evaluated each patient\'s symptoms at the time of first and second scans were used for the following analysis. The exclusion criteria included: (1) presence of another axis I or axis II psychiatric disorder; (2) history of receiving ECT; (3) history of clinically significant neurological, neurosurgical, or medical illnesses; (4) substance abuse within the prior 30 d or substance dependence within the prior 6 months; (5) pregnancy or other MR imaging contraindications, e.g., cardiac pacemakers and other metallic implants.

Treatment response was assessed using percentage change of symptoms based on PANSS. Responders were defined as 70% reduction in PANSS total scores, an elevated level as high as the criterion of 30% traditionally used ([@B27], [@B28]), as performed by Petrides et al. ([@B29]). In our database, only subscale scores were available, we were unable to use the Remission criteria of the Schizophrenia Working Group Consensus ([@B30]). Here, we must emphasize the additional complexity and risk associated with ECT, as well as mounted efforts from clinicians and patients, and therefore we increased expectations with which should be met. Dose of antipsychotic medication was converted to defined daily dose (DDD) ([@B31]). Patients were divided into two groups randomly, a training set (n = 44, including 22 responders and 22 non-responders) and a validation set (n = 13, including 6 responders and 7 non-responders) using statistical software. Demographic and clinical characteristics are listed in [**Table 1**](#T1){ref-type="table"}.

###### 

Demographical and clinical characteristics of participants.

  Characteristic                                                     Responders (n = 28)   Non-Responders (n = 29)   *P* values
  ------------------------------------------------------------------ --------------------- ------------------------- ------------
  Age (y)                                                            31.0 ± 10.2           29.7 ± 8.5                .61
  Gender (M/F)                                                       17/11                 20/9                      .51
  Education level (y)                                                11.7 ± 3.5            11.3 ± 4.0                .71
  Duration of illness (y)                                            5.4 ± 6.4             6.1 ± 6.4                 .67
  Time between measurements (w)[^a^](#fnT1_1){ref-type="table-fn"}   3.9 ± 1.1             3.9 ± 1.1                 .89
  CGI score at baseline                                              5.6 ± 1.1             5.7 ± 0.6                 .72
  CGI score after ECT                                                2.6 ± 0.7             3.6 ± 0.9                 \<.001
  PANSS score at baseline                                                                                            
   Positive score                                                    29.9 ± 6.2            28.0 ± 8.1                .32
   Negative score                                                    19.5 ± 10.3           29.0 ± 10.9               .001
   General score                                                     44.7 ± 12.1           41.7 ± 9.5                .31
  Total score                                                        94.1 ± 19.2           98.7 ± 21.0               .39
  PANSS score after ECT                                                                                              
   Positive score                                                    9.7 ± 2.0             15.4 ± 3.5                \<.001
   Negative score                                                    10.6 ± 4.9            19.7 ± 7.9                \<.001
   General score                                                     19.7 ± 3.4            28.6 ± 6.7                \<.001
  Total score                                                        40.0 ± 7.1            63.7 ± 13.8               \<.001
  Changes in PANSS score                                             84.7% ± 9.6%          51.0% ± 12.8%             \<.001
  Number of ECT[^a^](#fnT1_1){ref-type="table-fn"}                   10.3 ± 2.0            10.0 ± 2.9                .67
  Antipsychotic dose (mg/d)[^b^](#fnT1_2){ref-type="table-fn"}       17.5 ± 5.9            13.8 ± 6.7                .03

Data missing for one non-responder.

Olanzapine equivalents based on defined daily doses method.

CGI, Clinical Global Impressions; ECT, electroconvulsive therapy; PANSS, Positive And Negative Syndrome Scale.

Image Acquisition {#s2_2}
-----------------

A GE Discovery MR750 3.0 T scanner was used to acquire images in the Department of Radiology at Xi\'an Mental Health Center. As we performed previously, high-resolution T1-weighted structural data were obtained as we performed previously ([**Table S1**](#SM1){ref-type="supplementary-material"}) ([@B19]). During the scans, all participants were instructed to relax, move and think of nothing in particular as little as possible, keep their eyes closed, and not sleep. We also used a custom-built head cushion to minimize head motion in order to avoid excessive motion, reducing head motion artifacts during acquisition. Thereafter, we carefully checked all the images before the following analysis, thereby ensuring the image quality. Further details about image acquisition are described in the [**Supplementary Material**](#SM1){ref-type="supplementary-material"}.

Electroconvulsive Therapy {#s2_3}
-------------------------

Unilateral ECT was conducted in all patients three cycles per week within the duration of hospital stay. A total of nine to 12 sessions of ECT were given using an instrument (spECTrum 5000Q). The stimulus current was 800 mA, and the stimulus duration ranged from 3 to 5 s. Stimulus frequency was adapted due to different seizure threshold varied for individuals. Also, electrocardiography, blood pressure, and oxygen saturation examinations were carried out to exclude severe complications. All patients were anesthetized with propofol or etomidate, and a muscle relaxant (succinylcholine) was administered, which were calculated based on the body weight of each patient.

Image Processing {#s2_4}
----------------

Data processing is described elsewhere previously ([**Figure 1A**](#f1){ref-type="fig"}). The voxel-based morphometry (VBM) analysis was performed using CAT12 toolbox (C. Gaser, Structural Brain Mapping group, Jena University Hospital, Jena, Germany) implemented in SPM12 (Statistical Parametric Mapping, Institute of Neurology, London, UK) with the default setting. Briefly, All T1-weighted images are normalized using an affine followed by non-linear registration, corrected for bias field in homogeneities. Segmentation into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) ([@B32]) and spatially normalization using the DARTEL-algorithm ([@B33]) were then applied. In the last step of DARTEL, a non-linear deformation approach was used to modulate the GM tissues for comparing the relative GM volume adjusted for individual brain size. Furthermore, the voxel values in the tissue maps are modulated by the Jacobian determinant that was calculated during spatial normalization ([@B34]). To assess the homogeneity of the GM tissues, a quality check was performed using a CAT12 toolbox once the preprocessing pipeline was completed ([@B35]). The modulated and normalized GM tissues were not smoothed to avoid loss of image information. The GM tissues were used for subsequent statistical analysis.

![Regions of interest (ROIs) definition and feature extraction. **(A)** A flowchart for the data processing. (1) The modulated and normalized gray matter (GM) tissues were generated from T1-weighted images of each patient. (2) Patients were divided into two groups randomly, a training set (n = 44) and a validation set (n = 13) using statistical software. (3) Nineteen ROIs were defined using a two-sample *t*-test and two thresholds. (4), (5) 15 first-order statistics features were extracted from each ROI of patients in both the training and validation sets. (6), (7) A leave-one-out cross-validation (LOOCV) framework was used to perform pattern classification analysis in the training set, and all models were validated on the validation set. (8) We calculated the frequency of each feature and obtained a ranking that characterized the importance of features. (9), (10) three selected features were used to train the radiomic LRM. **(B)** Nineteen ROIs were defined using a two-sample *t*-test, a threshold of *P* \< .05 (uncorrected) and an extent threshold of 100 voxels. The anatomical location of each ROI was described using AAL atlas.](fpsyt-11-00456-g001){#f1}

Statistical Analysis and ROIs Definition {#s2_5}
----------------------------------------

We used SPM12 for all of the statistical analyses. First, a two-sample *t*-test was performed to compare the GM volume between responder and non-responder in the training set without covariates. The relative GM volume changes were assessed at a threshold of *P* \< .05 uncorrected. The extent threshold was set at 100 voxels to define the regions of interest (ROIs) which could have enough voxels to calculate features for classification. Focusing on the ROIs from the two-sample *t*-test is equivalent to initially screening out areas that may be distinguishable, so that their features may have clinically meaningful predictive capacity. The Automated Anatomical Labeling (AAL) atlas ([@B36]), which parceled the GM into 90 anatomical regions was adopted to describe the anatomical location of each ROI. If the overlapping percentage of the ROI with a region of AAL is greater than 50%, the anatomical location of it is described as the region ([**Table S2**](#SM1){ref-type="supplementary-material"}).

Feature Extraction {#s2_6}
------------------

Fifteen first-order statistics features calculated from the histogram of each ROI GM volume values were extracted from each ROI of patients in both the training and validation sets ([**Table S3**](#SM1){ref-type="supplementary-material"}) ([@B37]). The mean, median, standard deviation, and root mean square are the most commonly used and basic statistical metrics. The skewness measures the degree of histogram asymmetry around the mean, and kurtosis is a measure of the histogram sharpness. As measures of histogram randomness we computed the uniformity and entropy of the image histogram. The feature algorithms were implemented in Matlab 2014a (MathWorks, Natick, MA, USA). All features of ROIs for each patient were concatenated into a feature vector and were connected in parallel to form a feature matrix in each data set. All features of the training set were standardized to zero mean and unit variance to avoid model building being affected by the differences in the feature scales, and the validation set were processed with the same standardization criterion to ensure the independence before pattern classification ([@B38]).

Pattern Classification Analysis {#s2_7}
-------------------------------

A leave-one-out cross-validation (LOOCV) framework was used to perform pattern classification analysis in the training set ([**Figure 2**](#f2){ref-type="fig"}) ([@B39]). Specifically, the best features based on univariate statistical tests (two-sample *t*-test) between responders and non-responders in the remaining patients were selected with *P* \< .05 (uncorrected), and then regularized multivariate logistic regression model (LRM) with the least absolute shrinkage and selection operator (LASSO) penalty was applied to select more important features and to build a classifier ([@B40]). Moreover, the support vector machine (SVM) method was used to validate results as an independent classifier using the features selected by LASSO. Performance of the classifiers was measured quantitatively using the area under the receiver operating characteristic (ROC) curve (AUC) ([**Table S4**](#SM1){ref-type="supplementary-material"}). Besides, one patient did not receive antipsychotic drugs, which might affect the results. Since there had been a significant difference in antipsychotic dose between responders and non-responders, we excluded this patient and reanalyzed.

![Pattern classification analysis. A leave-one-out cross-validation (LOOCV) framework was used to perform pattern classification analysis in the training set. In the LOOCV, one patient was used as a testing sample, and the remaining patients were applied as training samples to select features and build the classifier to classify the testing sample. Classification performance could be estimated based on all of the testing samples and be validated based on the averaged classification results of validation set. ACC, accuracy; SENS, sensitivity; SPEC, specificity; PPV, positive predictive value; NPV, negative predictive value; AUC, area under the receiver operating characteristic curve; PHI, phi correlation coefficient.](fpsyt-11-00456-g002){#f2}

In order to obtain a model with fixed radiomic features and analyze the impact of clinical factors, we constructed the multivariate LRM based on the training set and validated it on the validation set. Frequency of each feature selected by LASSO across 44 training partitions of the cross-validation setup was calculated to assess feature importance and to obtain a ranking of features ([**Table S5**](#SM1){ref-type="supplementary-material"}) ([@B41]). Features greater than 50% of the selected frequency were important and used as a feature set for further feature selection ([@B41]). To analyze the impact of clinical factors, negative score and antipsychotics dose combined with fixed radiomic features were also used to build the fusion LRM model. For these two LRM, we evaluated the multicollinearity according to the variance inflation factor (VIF) and tested the significance of regression coefficients (β) with *t*-tests for each independent variable ([@B42]). If VIF was less than 4, there was no evidence of a multicollinearity problem ([@B42]). The following R packages were used for pattern classification analysis (<http://www.R-project.org>) (see [**Supplementary Material**](#SM1){ref-type="supplementary-material"} for this section).

Results {#s3}
=======

Participant Characteristics {#s3_1}
---------------------------

The demographic and clinical characteristics of the participants are listed in [**Table 1**](#T1){ref-type="table"}. In consistence with previous reports ([@B13]), 28 and 29 patients were classified as responders (49%) and non-responders (51%) after ECT. No statistically significant difference in baseline demographic characteristics was found between responders and non-responders. Participants who responded had a lower level of PANSS negative score (*P* = .001) and received more antipsychotics (*P* = .03) than those who did not respond before treatment.

ROIs Definition and Feature Extraction {#s3_2}
--------------------------------------

Nineteen ROIs were defined, and the details were described in [**Table S2**](#SM1){ref-type="supplementary-material"} and were shown in [**Figure 1B**](#f1){ref-type="fig"}. Fifteen first-order statistics features were calculated from the histogram of each ROI GM volume values ([**Table S3**](#SM1){ref-type="supplementary-material"}). A total of 285 features per patient were used for pattern classification analysis.

Predictive Performance {#s3_3}
----------------------

The regularized multivariate LRM accurately discriminated responders from non-responders on the basis of the ROC curve with an accuracy of 90.91% and AUC value of 0.9318 ([**Figure 3A**](#f3){ref-type="fig"} and [**Table S4**](#SM1){ref-type="supplementary-material"}) and were further confirmed in the validating data set, resulting in an accuracy of 87.59% and AUC value of 0.9031 ([**Figure 3B**](#f3){ref-type="fig"} and [**Table S4**](#SM1){ref-type="supplementary-material"}). To assess possible overfitting, the DeLong test was implemented on the ROC curves and revealed that the differences were not statistically significant among the AUCs of the training set and the validation set, with *P* values of 0.5804. Moreover, we used the SVM to replicate findings above. The accuracy of the SVM based on all of the testing samples in the training set was 90.91%, and the accuracy in the validation set was 91.78% ([**Table S4**](#SM1){ref-type="supplementary-material"}). The ROC curves of the training set and the validation set were shown in [**Figures 3A, B**](#f3){ref-type="fig"}, and *P* value of the DeLong test was 0.6443. Moreover, we excluded a patient without receiving antipsychotics and reanalyzed, and there was no significant difference in antipsychotic dose between responders and non-responders (*P* \> 0.05). The accuracy of the LRM based on all of the testing samples in the training set was 90.91%, and the accuracy in the validation set was 87.12% ([**Table S6**](#SM1){ref-type="supplementary-material"}). The AUC of the training set and the validation set were 0.9318 and 0.9034 separately, and *P* value of the DeLong test was 0.5586. The accuracy of the SVM based on all of the testing samples in the training set was 90.91%, and the accuracy in the validation set was 90.91% ([**Table S6**](#SM1){ref-type="supplementary-material"}). The AUC of the training set and the validation set were 0.9298 and 0.9407 separately, and *P* value of the DeLong test was 0.8386.

![Areas under receiver operating characteristic (ROC) curves in the training set **(A)** and validation set **(B)**.](fpsyt-11-00456-g003){#f3}

The fusion LRM with fixed radiomic features was built ([**Table S7**](#SM1){ref-type="supplementary-material"}) and the classification performance of the model was shown in [**Table S8**](#SM1){ref-type="supplementary-material"}. The ROC curves were shown in [**Figure S1**](#SM1){ref-type="supplementary-material"} and *P* value of the DeLong test was 0.3785. Negative score and antipsychotics dose combined with fixed radiomic features were also used to build the fusion LRM model for analyzing the impact of clinical factors. However, negative score was removed due to the multicollinearity (VIF \> 4), and antipsychotics dose was removed because the regression coefficient was not significant. These two clinical factors could not be left in the final LRM.

Discussion {#s4}
==========

In this naturalistic study, the principal findings indicated a potential predictive capacity between patients who subsequently responded and did not respond using radiomics approach, with clinically meaningful accuracy (LRM: 90.91% in training and 87.59% in validation; SVM: 90.91% in training and 91.78% in validation). We identified neuroanatomical features with successful level prediction of ECT response, involving cortical (inferior frontal gyrus, cingulate cortex, and temporal and parietal lobes) and subcortical regions (insula, thalamus, and hippocampus).

Although ECT combined with antipsychotics has been included in treatment guidelines ([@B26], [@B43]), the suggestions from radiologists to psychiatrists and patients and their families regarding the treatment efficacy of ECT based on predictive/prognostic markers, as approaches uncovering paths toward delivering precision medicine, is of remarkable clinical significance. In the study by Kupchik et al., there are 33% (n = 12) patients with symptoms resistant to typical antipsychotics who did not benefit in the clozapine-ECT group ([@B44]). Then, an open-label prospective study finds that 40% (n = 6) patients with refractory schizophrenia did not meet response criteria after receiving a combination of ECT and clozapine. Furthermore, a prospective randomized study notes 51.3% (n = 20) patients defined as non-responders after treatment of ECT plus clozapine or ECT augmentation ([@B29]). In a meta-analysis reporting 46% non-responder rate across clinical trials, the response defined as percentage improvement in scale/subscale score of PANSS/Brief Psychiatric Rating Scale, arranging from 25% to 40% ([@B8]). On the contrary, we defined as decrease of ≥ 70% in total PANSS score, resulting in higher level of non-responder rate (51%). Radiomics features in the present study may assist in the treatment selection, allowing for individual differences in treatment algorithms to some extent. Hence, additional remedies need to be considered and much more attention need to be paid in such a setting to ameliorate symptoms of patients, including transcranial magnetic stimulation, and psychological therapy. Biomarkers obtained from the brain such as structural features hold great promise that contributes to better management of patients with refractory schizophrenia.

Of particular interest, in our study, features used for prediction were extracted predominantly from the inferior frontal gyrus, cingulate cortex, temporal and parietal lobes, insula, thalamus, and hippocampus. These identified regions have been implicated in previous studies looking before/after ECT brain changes. Recent MRI studies have detected longitudinal alterations of the brain pre- and post-ECT interventions in patients with schizophrenia. Recent neuroimaging studies have shown an association of ECT in schizophrenia with increase in GM volume within the medial temporal lobe (amygdala, hippocampus, and insula) ([@B45]) and increased global functional connectivity density among key regions within default mode network (precuneus and medial prefrontal cortex) ([@B46]). ECT exerts therapeutic efficacy *via* elevating the concentration of *N*-acetylaspartate in the left prefrontal cortex and thalamus, indicating an antipsychotic effects through neuroprotective mechanism ([@B47]). In a sample of schizophrenia and depression, ECT reveals both disorder-specific and transdiagnostic effects. Structural network analysis suggests a volume increase in the lateral prefrontal/cingulate cortical network as schizophrenia-specific changes after ECT ([@B48]). On the contrary, transdiagnostic impacts across schizophrenia and depression include an enlargement of the medial temporal lobe (hippocampus, parahippocampus, and amygdala) and insula, together with attenuated functional connectivity involving tempoparietal, prefrontal, and cortical midline structures and augmented hypothalamic functional connectivity ([@B45], [@B48]). It may be why these regions (therapeutic target) predict treatment outcome.

Methodologically, both LRM and SVM are linear classifiers. Using both of them demonstrates the validity of results. Machine-learning classification studies will have an influence on precision medicine. The increasing importance of radiomics in medical imaging creates an ideal situation for application of radiomics in psychiatry where there is no "lesion" but there are "features" for mental disorders, i.e., brain structure derived from structural MRI. This step by step analysis could promote our findings transforming clinical practice, which is helpful for the generalizability of the potential marker. Most recently, classification approaches provide a powerful way to promote the translation of neuroimaging-based signature to diagnostic, predictive or prognostic biological markers for mental disorders, including schizophrenia ([@B19]). In addition to these structural and functional tests previously discovered, we proposed this novel predictive tool to replenish the existing clusters of potential biomarkers, as an alternative approach. Future research needs to integrate and optimize them, resulting in true cerebral markers for clinical management of schizophrenia.

Nevertheless, there are still several issues that merit comments. The clinical characteristics revealed a variable duration of illness and antipsychotic dose for schizophrenia patients, which might have impact on our results. As a routine and natural clinical phenomenon, we could not modulate patients\' duration of illness. In our study, we randomly divided patients in a 3:1 ratio to obtain a training set of 44 patients and a validation set of 13 patients. In order to overcome the issue of sample size and provide reliable prediction results, we used the LOOCV method in the training set to evaluate the classification ability of GM features, and select important features to construct a final model. Likewise, previous machine learning studies used similar sample sizes (25 responders and 13 non-responders in first-episode drug-naive patients with schizophrenia; 13 responders and 10 non-responders in patients with acute major depressive disorder) and got meaningful results (accuracy of 78.6% and 78.3%/73.9%) ([@B16], [@B49]). The number of features is much larger than the sample size, and the training set and validation set are drawn from the same dataset. Although we use the LASSO for feature selection to reduce the number of features and divide the data sets randomly, single-center data may lead to an overly optimistic estimation of classification performance and limit the generalizability of the results. In the future, multi-center datasets with larger samples will be needed to validate and promote these findings. Furthermore, we were unable to analyze the life-time cumulative dosages of antipsychotics that were unavailable in the clinical database at the hospital. The difference is small in the effectiveness of individual antipsychotics ([@B50]), and responders and non-responders in this study received antipsychotics in doses recommended by APA Practice Guidelines (olanzapine equivalents, 17.5 ± 5.9 mg/d, 13.8 ± 6.7 mg/d), which proposes that olanzapine in doses of 10--20 mg/d is effective in the acute phase of schizophrenia ([@B26]). Despite majority of atypical antipsychotics, patients received heterogeneous drugs, which may be helpful to control for drug dose or treatment type (e.g., typical antipsychotic and atypical antipsychotic) in the future analysis. Additionally, there was a significant difference in the severity of negative symptoms between responders and non-responders before treatment. This difference begs the question: would the baseline PANSS negative score be a predictor of treatment response? But [**Figure S2**](#SM1){ref-type="supplementary-material"} indicates a limited diagnostic performance.

Conclusion {#s5}
==========

Conclusively, this study implies that radiomics-based structural brain feature could predict response to ECT combined with antipsychotics in schizophrenia patients. Useful neuroanatomical features for prediction involve brain regions modulated by ECT. Additional effort is urgent for longitudinal differences after the ECT series in patients with schizophrenia.
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